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ABSTRACT 
Forest species composition and structure in northeastern Minnesota is tightly 
coupled with the size, frequency, and intensity of historic wildfires on this landscape as 
evidenced by the abundance fire-dependent forest species (e.g. Pinus banksiana Lamb.). 
Hence, fire is a salient disturbance agent on this landscape, in that it strongly influences 
nutrient cycling, carbon stores, and energy pathways between vegetation and the soil.  
While there are many positive forest ecosystem services associated with fire, there are also 
risks for an increasing population inhabiting the region. Because of this increase in the 
wildland-urban interface and shifts in fire frequency and severity induced by climate 
change, it is increasingly important to accurately model fire behavior and predict fire risk 
given the current state of fuels on the landscape. Such refinements in fire risk prediction 
will enable the development and implementation of efficient management strategies to 
maximize public safety. 
Managers of the Superior National Forest (SNF) have faced lingering challenges in 
replicating historical wildfires without doctoring simulation inputs (e.g. increasing wind 
speeds). Crown fires were not propagating in simulations to the extent that they were in the 
field.  As such, a pilot study was conducted over the course of a two-year period (2015-
2017) to investigate fire behavior modeling issues faced by SNF forest managers.  
The research presented here investigates the sensitivity of the fire area simulator 
FARSITE to these regionally-calibrated, spatially-explicit, landscape-scale fuel inputs.  
Initial tests focused on four new canopy bulk density (CBD) models derived from the 2015 
pilot study. Additionally, we evaluated a canopy base height (CBH) model using the 
ground data from the 2015 pilot study as well as low-density LiDAR. Finally, we tested a 
vii 
crosswalked surface fuel model (FBFM) image based on a ruleset provided by managers 
of the Superior National Forest (SNF)  
 Two historical (2006) fires, Redeye and Famine, were used as proxies for 
simulation scenarios. A pairwise comparison of spatial correspondence metrics was used 
to analyze the recently calibrated forest fuels estimates to preexisting raster images 
provided by LANDFIRE.  Results of this study provided evidence that the locally-
calibrated images represented historical fire perimeters more accurately than LANDFIRE 
estimates for CBD and FBFM. However, the comparison between CBH estimates proved 
unsubstantial. These data products will allow a range of potential fire behavior options for 
the managers of the SNF to use in risk assessment and fuel management. 
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CHAPTER 1.    GENERAL INTRODUCTION 
Background 
Past and current forest species composition and structure in northeastern Minnesota 
is tightly coupled with the size, frequency, and intensity of historic wildfires on this 
landscape (Heinselman 1973; Swain 1973; Wright and Bailey 1982), as evidenced by the 
abundance of an especially fire-dependent forest species (e.g. Pinus banksiana Lamb.).  
Fires propagate when natural (e.g. lightning) or various anthropogenic causes ignite the 
surface fuel bed.  In the Boundary Waters Canoe Area Wilderness (BWCAW), over 90% 
of the forests were burned at least once in the past 300 years (Heinselman 1969, 
1970).  Hence, fire is a salient disturbance agent on this landscape, in that it strongly 
influences nutrient cycling, carbon stores, and energy pathways between the vegetation and 
the soil (Kolka et al. 2017).  While there are many positive forest ecosystem services 
associated with fire, there are also risks for an increasing population inhabiting the region.  
Because of this complex flux in the wildland-urban interface (Radeloff et al. 2005) and 
shifts in fire frequency and severity induced by climate change (Weber and Flannigan 
1997; Flannigan et al. 2000; Stephens et al. 2013), it is increasingly important to accurately 
model fire behavior and predict fire risk given the current state of fuels on the landscape.  
Such refinements in fire risk prediction will enable the development and implementation 
of effective management strategies to maximize public safety (Arroyo et al. 2008). 
The historical fire regime of northeastern Minnesota was characterized by high-
intensity surface or large-scale, destructive crown fires over longer intervals (150-200 
years; Heinselman 1996).  In contrast, the fire regime of the western United States depicted 
more frequent (5-15 years) return intervals at lower intensities (Kilgore 1987; Kilgore and 
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Heinselman 1990).  Since the early 20th century, fire exclusion policies led to an increase 
in the dominance of shade-tolerant, fire-sensitive balsam fir (Abies balsamea (L.) Mill) in 
the understory (Corace et al. 2012).  The unique flammability and understory canopy 
position make the species a potent intermediate between the high-intensity surface fires 
and destructive crown fires. 
Fire behavior modeling has played a vital role in wildfire management for decades 
(Albini 1976; Rothermel 1972; Finney et al. 2013).  Models are commonly used to examine 
how fuel drives spatial patterns in burn probability and rate of spread (Ager et al. 
2011).  Through time, the intricacies and sophistication of fire models evolved in tandem 
with our understanding of fire behavior.  These advancements facilitated the application of 
spatially explicit, computer-based fire model systems designed to accommodate landscape 
analyses (Finney 2004; Andrews et al. 2005; Ager et al. 2011).  These systems connect 
multiple empirical and deterministic models to predict fire growth and behavior over a set 
time or space (Stratton 2006).  Multiple fire behavior fuel models (FBFMs) are 
incorporated based on specific surface fuel conditions (Anderson 1982).  The FBFMs 
determine the rate of spread of both surface and crown fires, travel between the two, spot 
fires (fires ignited outside of the current burning area, often by a firebrand), and 
acceleration of spread (Scott and Burgan 2005).  Fire simulation programs also take in 
spatial data such as topography, wind speed, relative humidity, and fuel moisture.  
Modeling fire spread in northeastern Minnesota beyond a couple of days consistently yields 
invalid fire behavior information due to a series of compounding errors in the predictive 
model.  Furthermore, due to the unique forest structure in northeastern Minnesota, accurate 
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fire risk modeling efforts by the USFS have been difficult.  Consequently, attempts to 
hindcast spatial patterns of past fires have largely failed. 
Goals and Objectives 
The overall goal of this study is to improve our understanding of fire behavior in 
northeastern Minnesota using simulation techniques.  Specifically, in balsam fir-dense 
regions where conventional satellite assets, such as Landsat, may not fully capture critical 
understory fuel composition (Thapa et al. 2019).  Bridging these knowledge gaps will 
facilitate a greater understanding of the effectiveness of risk management strategies, 
especially the ability to manage on multiple scales to meet short- and long-term 
goals.  There are three primary goals in this research: 
1. Using sensitivity analysis, select model calibrations of canopy bulk density (Wolter et 
al. 2019) that best hindcast historical fire patterns within northeastern Minnesota. 
2. Validate existing raster data of canopy base height (Engelstad et al. 2019) and fire 
behavior fuel models (Forest Service, unpublished data) using FARSITE fire 
perimeters. 
Thesis Organization 
This thesis is organized with each chapter formatted as a journal manuscript. 
Chapter one provides a general introduction to this study’s background and thesis.  Chapter 
two conducts a sensitivity analysis on canopy bulk density’s impact on the change in fire 
behavior and is written for submission to the International Journal of Wildland Fire. 
Chapter three investigates the sensitivity of fire behavior when introduced to changes in 
canopy base height and fire behavior fuel model data and is written for submission to the 
International Journal of Wildland Fire. Lastly, chapter four summarizes the thesis and 
offers general conclusions.  
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CHAPTER 2.    SENSITIVITY ANALYSIS OF CANOPY FUEL LOADS ON 
CROWN FIRE BEHAVIOR IN NORTHEAST MINNESOTA 
Modified from a manuscript to be submitted to the International Journal of Wildland 
Fire 
Jacob OlbrichA, Peter T. WolterA, Patricia J. JohnsonB 
AIowa State University, Department of Natural Resources Ecology and Management, 
Ames, IA, 50011, USA 
BUSDA Forest Service, Gunflint Ranger District, Grand Marais, MN, 55604, USA 
 
Abstract 
A thorough understanding of wildfire behavior is imperative to guide risk 
management decisions regarding our forest resources.  Due to dense forest canopies in the 
Superior National Forest, national estimates provided by the LANDFIRE data project 
likely overlook tree understory components of forest fuels, which are critical to crown fire 
propagation and spread.  Crown fire behaviors are notably extreme, combining high rates 
of spread and intensity.  Here, we conducted a sensitivity analysis of canopy bulk density 
products on the 2006 Redeye and Famine Fires.  Model accuracy of LANDFIRE estimates 
versus newer, remote sensing-based canopy bulk density estimates were assessed through 
a comparison of FARSITE perimeter outputs using the Lee-Sallee spatial correspondence 
metric.  Modeled spatial correspondence of the Redeye Fire perimeter was significantly 
higher (p<0.01) using the locally-calibrated inputs compared to LANDFIRE inputs.  
However, differences between simulations were statistically insignificant for the Famine 
Fire (p=0.711). Iterative spatial smoothing of the new canopy bulk density inputs did not 
cause any shifts in modeled spatial correspondence trends, suggesting fire behavior is not 
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substantially influenced by spatial grain.   Through this research, we were able to provide 
locally-calibrated estimates of forest fuels that predict fire behavior, on average, more 
accurately than the current estimates.  
Introduction 
The legacy of past fire exclusion policies in northern Minnesota altered the 
composition and complexity in forest structure, changing fire regimes over the last century 
(Heinselman 1996; Kasischke and Turetsky 2006).  This absence of fire allowed the 
accumulation of surface fuels, development of understory ladder fuels, and the creation of 
dense canopy cover (Agee and Skinner 2005; Stephens and Ruth 2005).  The more 
frequent, pre-European settlement, fire regimes within this region are also known to have 
deterred the spread of damaging plant diseases and defoliating forest insect populations 
(Heinselman 1996; Bergeron and Leduc 1998), such as the eastern spruce budworm 
(Choristoneura fumiferana Clemens).  While there are many ecological benefits associated 
with wildfires (DeLong and Tanner 1996; Kuuluvainen 2002), there are also associated 
risks for an increasing population that live within the forest matrix; known as the wildland-
urban interface (WUI) (Radeloff et al. 2005).  Increases in forest fuel aridity due to 
anthropogenic climate change over the past three decades has been linked to a near 
doubling of burned forest area in the western U.S. for that period (Abotzoglou and 
Williams 2016). Romps et al. (2014) suggested a positive correlation between the 
frequency of lightning strikes and an annual mean temperature increase in the 
conterminous United States (12 + 5% per degree Celsius).   
For northern Minnesota, such shifts in fire frequency and severity induced by 
climate change (Weber and Flannigan 1997; Flannigan et al. 2000; Stephens et al. 2013) 
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certainly elevate risk to people and property in this region.  The delicate balance between 
the positive environmental aspects of wildfire and the imminent threat to lives and property 
posed within the WUI requires knowledge of fire behavior and associated fire risks in this 
region to better inform ecologically-based fuel management decisions (Nelson et al. 2005). 
The accumulations of fuels brought on by federal wildfire exclusion policies allow 
fires that once existed as surface fires to jump into the canopies of several forest types 
(Covington et al. 1994; Agee 1996).  Crown fire behaviors are notably extreme, combining 
high rates of spread and intensity (Rothermel 1983).  Canopy fuel determines crown fire 
severity primarily through two variables: availability of high quantities of CBD and the 
impact foliar moisture effect (Van Wagner 1993).  Canopy base height also plays a role 
but is minimal once the transfer from surface to crown fire is initiated (Scott 1998).  In 
addition to fuel, topographic features (i.e. slope, aspect, elevation) and spatial arrangement 
of fuels (i.e. fuel connectivity) play prominent roles in crown fire behavior (Brown 1995; 
Turner and Romme 1994).  
The threat of crown fires in the WUI presents a substantial management challenge 
for fuel managers in the Gunflint Trail District of Superior National Forest (SNF).  Current 
field methods for regional canopy fuel updates are desperately needed to guide fire 
modeling efforts are highly labor-intensive.  As a result, more cost-effective remote 
sensing-based technology have been employed (Rollins 2009; Vogelmann et al. 2011; 
Engelstad et al. 2019) to supply needed input parameters for modeling fire behavior.  In 
some cases, however, fuel parameter information via remote sensing, such as canopy bulk 
density (CBD), have generally underestimated actual conditions when compared to 
ground-truth (Cruz and Alexander 2010).  Currently, simulations of wildfire spread 
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patterns in the Gunflint region of the SNF accrue compounding errors, limiting the 
timeframe for which the models (i.e. FARSITE) are usable (P. Johnson 2017 pers. comm.).  
The lingering issues in fire risk management in the SNF and elsewhere center on predicting 
where a crown fire will occur and how it will behave in the landscape.  Van Wagner’s 
(1977) crown fire initiation models and Rothermel’s (1972, 1991) rate of spread 
calculations have become standard components in such fire behavior research, but the 
implementation of these equations vary among different programs.  These models interact 
with surface fuel loading and CBD data to simulate fuel consumption and movement across 
a landscape.  
In northeastern Minnesota, wildland fires drive multiple ecological processes 
including forest composition (Heinselman 1973; Scheller et al. 2005; Young et al. 2017), 
nutrient cycling (Kolka et al. 2017), wildlife habitat (Zlonis et al. 2018), and the spread of 
disease in some instances (Heinselman 1996; Parker 2006).  Land managers and scientists 
look to fire modeling systems and simulation programs as tools to predict fire risk potential, 
identify stands vulnerable to wildfire, and allocate resources for fuel treatment (Finney 
2004; Ager 2006).  While wildfires have been studied and calibrated for decades, more 
recent fire research efforts have refined our understanding of fire behavior via physical-
mechanistic approaches, including fuel particle ignition, convective heat transfer 
mechanisms, flame-spread dynamics (Stocks et al. 2004; Sullivan 2007; Finney et al. 
2015), and simulation-based efforts (Bar Massada et al. 2009).  The array of techniques 
available culminate in a more holistic understanding of crown fire potential and spread in 
coniferous forest ecosystems.  However, much of this effort in the United States is concerns 
western forest types (Agee 1998; Keane et al. 1998).   
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FARSITE is an equation-derived fire area simulator that propagates vectors 
representing fire perimeter expansion at pre-specified time steps.  The perimeter is 
represented by a polygon where the vertices have information on the fire’s spread rate and 
intensity.  Fire behavior at each vertex is assumed independent of the others, so the outputs 
of the simulation exemplify spatial ramifications (Finney 2004; Peterson et al. 2005).  At 
each vertex, CBD is used to derive crown fire spread rate (Alexander 1988).  Hence, lower 
estimations of CBD would instigate lower active crown fire spread rates or an absence of 
active crown fire spread in some scenarios. 
Spatially explicit FARSITE model inputs are created and supported by the 
LANDFIRE data project (LANDFIRE 2001), which maintains continuous, consistent 
geospatial input data of fuel layers for the United States.  In this national mapping project, 
the LANDFIRE field-referenced database (LFRDB)—compiled from both government 
and non-government data sources—is combined with Multi-Resolution Land 
Characteristics (MRLC, Vogelmann et al. 2001) Landsat sensor data, biophysical gradient 
data, topography, and other ancillary data to predict and generate vegetation characteristic 
maps (Reeves et al. 2009, Rollins 2009).  However, data quality assessments from 2001 
and 2010 shows low agreements of existing vegetation types (EVT) throughout 
northeastern Minnesota (https://www.landfire.gov/quality.php, accessed 6 September 
2017).  For example, in the dominant EVTs, boreal aspen-birch and boreal white spruce-
fir forest types, show low classification agreement across both quality assessments (Table 
1).  Such inaccuracies compound other fuel estimation procedures, such as fire behavior 
fuel models (FBFM) and canopy bulk density (CBD), as EVT is either a primary or 
intermediate predictor of these derivative fuel variables (Reeves et al. 2009, Rollins 2009). 
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Recent research in northeastern Minnesota shows that the current FARSITE model 
with LANDFIRE fuel inputs does not produce a reasonable facsimile of fire behavior, often 
missing or underestimating the full extent of fire perimeters in this region (P. Johnson 2017 
pers. comm.), which is corroborated by research in western coniferous forests (Cruz and 
Alexander (2010).  Cruz and Alexander (2010) list important factors linked to known 
underestimation bias in crown fire behavior. Bias factors include incompatible model 
linkages, inherent underprediction bias in surface and crown fire rates of spread, poor 
calibration of crown fire spread rates governed by crown fraction burned functions, and 
uncalibrated custom fuel models. They state that all except the rate of spread models 
(surface and crown) are the result of unsubstantiated use of physical behavior models.  In 
their critique, they cited multiple studies manually adjusting landscape characteristics such 
as moisture, canopy base height (CBH), and wind speed to extraordinary levels to generate 
realistic values for torching and crowning indices (TI and CI, respectively).  Here, the TI 
and CI values are, respectively, defined as the 6.1 m wind speed needed to initiate a passive 
crown fire or sustain an active crown fire within a stand (Scott and Reinhardt 2001).  These 
two values are critical parameters for wildfire spread behavior as they act as a threshold 
for what kind of wildfire is supported on the landscape. 
This study investigates the utility of region-specific, satellite-based estimates of 
CBD for modeling crown fire spread in northeastern Minnesota.  Wolter et al. (2019) 
calibrated and mapped five highly accurate (adjusted R2 >0.9) sets of CBD estimates for 
this region using both optical and synthetic aperture radar (SAR) satellite sensor data 
combined with respective combinations of passive canopy gap fraction metrics and 
allometric model output.  However, while the calibrated models captured a substantial 
13 
portion of the observed variance in CBD, spatial grain size remained as a concern for two 
reasons.  First, though SAR variables were strong predictors of CBD across all estimates, 
they also often feature high-frequency spatial noise (Goodman 1976; Lee 1981, Sader 
1987, Rauste 2005, Wolter and Townsend 2011).  Second, two of the models (Table 2) 
exist in high dimensional spaces (i.e. large number of independent variable relative to 
number of observations), which emphasize dissimilarities between spatial data (Friedman 
1997). FARSITE also does not possess any intrinsic features for incorporating noisy and 
finite spatial resolution measurements of the fire perimeter during the simulation so some 
research has pointed towards filtering techniques for assimilation of data with spatial grain 
(Srivas et al. 2016). 
We compared FARSITE simulations of two historical fires within this region from 
2006 (Redeye and Famine) to answer two salient questions.  First, do the Wolter et al. 
(2019) region-specific estimates of CBD enable more accurate modeling of fire compared 
to the national CBD estimates within the LANDFIRE data suite? Also, which, if any, of 
these region-specific estimates of CBD provides the most accurate recreation of the 
historical test fire perimeters?  Finally, to what degree will spatial grain size smoothing 
applied to any of the input CBD estimates influence modeled fire perimeter outputs? 
Methods 
Study Landscape 
Two fires north of Brule Lake, MN (Redeye and Famine) were used as target areas 
for fire simulation scenarios (Figure 1).  Elevation specific to the fire perimeters ranges 
between 514m and 689m.  Lightning ignited both fires in the early morning hours of 8 
September 2006.  The Redeye Fire ignited at 47°58’32”N, 90°33’29”W and consumed ca. 
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677 ha of forest, while the Famine Fire ignited at 47°57’521”N, 90°43’02”W, and 
consumed ca. 1,452 ha of forest.  Both fires were extinguished by rainfall on 22 September 
2006 and smoldered with no growth until containment in October.   
Our study area is approximately 18,045 ha surrounding the 2006 Redeye and 
Famine Fires (Figure 1) in Cook County, MN.  The area is north of Brule Lake, nearly 
bisected by Winchell and Davis Lake.  The area is characterized as having a long period of 
snow cover (ca. 151 days at Gunflint Lake) and a short growing season (ca. 131 days near 
Basswood Lake, Heinselman 1996).  Mean annual minimum temperature for the area is -
0.94°C and mean annual maximum temperature is 8.67°C.  Mean annual precipitation is 
64.11 cm.  
This region of Minnesota is part of the Laurentian Mixed Forest (LMF) Province, 
which extends north into neighboring Ontario, Canada.  This greater region is composed 
of coniferous forests, mixed conifer and hardwoods forests, and conifer bogs and wetlands 
(www.dnr.state.mn.us/npc/index.html, accessed 28 May 2018).  The study site is a 
microcosm of the larger ecoregion, predominantly comprised of upland mixed (34.3%) and 
conifer stands (33.3%). Upland conifer forests have canopies dominated by red and white 
pines (Pinus resinosa and P. strobus, respectively) with occasional inclusions of white 
spruce (Picea glauca) and paper birch (Betula papyrifera). Upland mixed forests are 
various amalgamations of quaking aspen (Populus tremuloides), paper birch, white spruce, 
white pine, and northern white-cedar (Thuja occidentalis) (Heinselman 1973).  Since the 
early 20th century, federal wildfire exclusion policies led to an increase in the dominance 
of shade-tolerant, fire-sensitive balsam fir on this landscape (Corace et al. 2012), which 
exists largely as an understory component of other forest types (Wolter and Townsend 
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2011).  The unique flammability and understory canopy position makes balsam fir an 
effective and, hence, dangerous ladder fuel for crown fire propagation (Abbas et al. 2011). 
As such, overstories of pine, spruce, or mixtures of these conifers with deciduous species 
are much more susceptible to torching when interspersed with or containing an understory 
of balsam fir, especially jack pine (Pinus banksiana) (Heinselman 1996).   
Surface fuels within this region are reflective of the combination of dominant forest 
cover type, topography, and unique natural history and disturbance history (Rich et al. 
2007).   Areas with mixed stands generally have a compact fuel bed of shed hardwood 
leaves and short needles.  This fuel complex is predominant where eastern white pine 
aspen, and white spruce are present (Anderson 1982). Older growth stands may contain 
large pieces of dead-down bole and limb wood, allowing longer flame lengths in surface 
fires (Heinselman 1996).  Remnants of a large blowdown event from 4 July 1999 (Woodall 
and Nagel 2007) persist north of Davis Lake and northeast of Whitaker Lake.   
Estimating Canopy Bulk Density 
This study uses raster data provided by Wolter et al. (2019).  Ground data for this 
were collected during a 2015-2017 pilot study conducted by the US Forest Service in 
collaboration with Iowa State University, University of Minnesota, and Colorado State 
University. This project established 62 field plots randomly generated within the extent of 
a 356 km2 study area along the Gunflint Trail in northeastern Minnesota (Figure 2).  
Canopy gap fraction (CGF) data were recorded at each plot (n = 62) at both ground level 
(B) and at two meters above ground level (T) across three view angle ranges (0o-7o [1], 7o-
23o [2], and 23o-38o [3]) using a LI-COR LAI-2200C plant canopy analyzer (LI-COR Inc. 
Lincoln, NE, USA). Using methodologies according to Keane et al. (2005), Wolter et al. 
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measured CGF data at both ground-level and two-meters, each with angle combinations 1-
2 and 1-3, were transformed into four estimates of CBD (CBDB12, CBDB123, CBDT12, 
CBDT123).  Biophysical tree ground data collected in the pilot study were imported into the 
FuelCalc program (Reinhardt 2006a) to generate a fifth CBD estimate (CBDFC). Details of 
calibrating images from these estimates are outlined in Wolter et al. (2019). 
Simulation Data 
Weather data (e.g. wind speed, precipitation, relative humidity, etc.) were extracted 
from the Seagull, MN remote access weather station (48°06’00”N, 90°54’00”W; 
wrcc.dri.edu/cgi-bin/rawMAIN.pl?sdMSEA, accessed 20 November 2017) climate 
archive as well as the National Wildfire Coordination Group (fam.nwcg.gov/fam-
web/weatherfirecd/state_data.htm, accessed 24 August 2018). Wind predictions on the 
landscape were modeled using the WindNinja program (Wagenbrenner 2016) to account 
for local terrain effects. The input wind ASCII files had a 103m resolution for hourly 
readings across the entirety of the study area.   
Thirty-meter resolution spatial fuel and topography inputs were downloaded from 
LANDFIRE 2001 refresh zone 41 (Figure 4) (Refresh - v1.0.5 LANDFIRE 2001). The 
2001 refresh data are the most recent, pre-2006 fire products available.  The LANDFIRE 
suite of data products are the best available source of data for large-scale fire simulations, 
as they are both nationwide and open access. However, two locally-calibrated data products 
(CBH and FBFM) already existed and were supplemented for their LANDFIRE 
counterparts. 
The CBH data that we used in FARSITE simulations for this study were taken from 
Engelstad et al. (2019) who used a combination of low-density LiDAR and field data to 
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map CBH. This research linked ground estimates of CBH from the aforementioned pilot 
study with 2011 low-density LiDAR (< 1 pt·m-2), showing a strong association between 
the two (R2 = 0.79; RMSE = 0.95 m).   
The FBFM data used in FARSITE simulations for this study were constructed 
under a ruleset developed by SNF fuel managers (Forest Service, unpubl. data, 2018). The 
SNF ruleset assumed a 16 km·h-1 wind speed at 6.1 m with no specified slope or wind 
direction.  This ruleset was run through Nexus v2.1 and looked at metrics of specific forest 
types (dominant lifeform [e.g. Tree], range of cover [%], range of height [m]). The 
distribution of fuel models in the region, as defined by the Anderson set of thirteen FBFMs 
(Anderson 1982), are dominated by FBFM8 and FBFM10.  Model eight (46% of the 
landscape) is characterized by closed canopies of short-needle conifers or leafed out 
hardwoods. This FBFM is mainly comprised of needles, leaves, and twigs with little 
undergrowth.  This results in slow-burning ground fires that may encounter a concentration 
of heavy fuels that can flare up. Model ten (47% of the landscape) is the most volatile of 
the timber litter models, characterized by heavy downed material, resulting in more 
frequent events of torching or spotting (ignition of an enclave fire).  Model ten is prevalent 
within the Redeye Fire perimeter, whereas the FBFMs are more heterogeneous in the 
Famine Fire perimeter with a strong presence of FBFM10 in the area between Cash and 
Davis Lakes.  Using the Wildland Fire Decisions Support System archive, fuel moisture 
content time lags for 1, 10, and 100 h fuels were set at 5, 10, and 12%, respectively. The 
respective time lags correspond to 0 - <0.635 cm; 0.635 - <2.54cm; 2.54 - <7.62 cm; and 
7.63 - <20.32 cm diameter woody material, and are defined as the time required for a fuel 
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particle to reach approximately 63.2% of its way to equilibrium with its environment 
(Anderson 1982).  
Landscape Preparations for 2006 Simulations 
The remote sensing data used to calibrate CBD (Wolter et al. 2019) and CBH 
(Engelstad et al. 2019) were collected after the 2006 fires. Hence, to remedy missing input 
data issues, the respective sets of post-fire CBD and CBH values inside the fire perimeters 
were replaced with CBD and CBH model estimates that were calibrated using sensor data 
that predated the 2006 fire ignitions (Table 3; Syphard et al. 2008). We randomly generated 
1,000 points across the unburned portions of the study area and extracted respective CBD 
and CBH values.  These data were then combined with data from two 30 m Landsat-5 
Thematic Mapper (TM) images from 16 May 2000 (TM00) and 3 March 2002 (TM02) to 
calibrate models for estimating the set of five CBD values (described above) for the areas 
burned in 2006.  Predictor variables for estimating CBD and CBH consisted of the six, 
respective, Landsat sensor bands (1-5, 7) as well as tasseled cap (TC) transformations (i.e. 
brightness, greenness, and wetness [Crist 1985]) of these data (TC00 and TC02, 
respectively).  The latter variables were included as predictors of CBD and CBH because 
TC transformations of Landsat data are known to be sensitive to variations in forest 
structure and phenology (Healey et al. 2005, Wolter et al. 2008). 
Due to the high covariation between sensor bands, iterative exclusion partial least 
squares regression (xPLS) (Wolter et al. 2012) was used to derive independent latent 
variable structure for both data reduction and prediction purposes (Wolter et al. 2008, 
Wolter et al. 2009, Wolter et al. 2012).  Model calibrations between image predictor 
variables and CBD for previously derived estimates (CBDFC, CBDB12, CBDB123, CBDT12, 
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and CBDT123) resulted in respective adjusted coefficient of determination (R2 adj.) of 0.43, 
0.38, 0.06, 0.03, and 0.017 (Figure 3).  The CBDT123 model output was a uniform 
distribution due to the model having a near-zero R-squared giving a uniform distribution 
across the voided area. Hence, CBDT123 was not considered during simulations.  Despite 
lower CBD prediction accuracies within these burned areas, xPLS regression enabled 
modeling of spatial variability within the 2006 fire scars more accurately than spatial 
interpolation methodologies (e.g. kriging) due to the 30 m spatial resolution and the large 
relative distance between interior fire areas and that of the associated fire perimeter. 
Sensitivity Analysis 
FARSITE simulated perimeter data were produced as raster images at four-hour 
intervals throughout the time frame established by the preexisting fire.  A 5.0% spotting 
frequency was set to emulate firebrand spread (Finney 2004).  Thirty simulations replicates 
were generated for each combination of fuel inputs to capture potential trends in fire 
behavior outcomes for both wildfires (n=780). Simulation runs began at 0400 h on 8 
September. Because it is unclear when rains effectively terminated fire spread on 22 
September, the end date was set at midnight (or 0000 h on 23 September). 
Because the definitions of CBD vary between the LANDFIRE product and that 
produced by Wolter et al. (2019), the translation from a raster image to mathematical model 
changed. That is, LANDFIRE uses the maximum of fifteen foot-deep running averages to 
model CBD (Reinhardt et al. 2006, Scott 2008) whereas Wolter et al. (2019) used the 
maximum of the CBD vertical profile described by Keane et al. (2005).  We suspect that 
CBD estimates derived in the Wolter et al. (2019) study have additional spatial variance 
(i.e. speckle) related to strong model reliance on SAR image variables, especially at L-
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band frequency (Wolter et al. 2019).  To test this, in accompaniment with the six CBD 
estimates, we conducted a sensitivity analysis on images smoothed using both 5x5 and 7x7 
low pass filters using spatial convolution in Erdas (Erdas Imagine 2015). 
The perimeter results at the time the simulation ceases (0000 h on 23 September) 
and the fire perimeter data distributed by the US Forest Service was tested using Lee and 
Sallee’s (1970) spatial correspondence metric. The Lee-Sallee metric measures agreement 
between two shapes, expressed by the formula: 
𝜇𝜇(𝐾𝐾, 𝐿𝐿) = [𝛼𝛼(𝐾𝐾𝑇𝑇∆𝐿𝐿𝑇𝑇) 𝛼𝛼(𝐾𝐾𝑇𝑇 ∪ 𝐿𝐿𝑇𝑇)⁄ ] 
where K and L are uniquely identified shapes of the simulated and the observed fire at time 
T, and α is the calculated area of both shapes. A μ value of one suggests congruence 
between two shapes where values less than one represent deviations from congruence. The 
Lee-Sallee has seen use in fire ecology (Peterson et al. 2005; Dennison and Matheson 
2011); however, its use in comparing simulated fire perimeter outputs based on fuel inputs 
has not been explored to date.  The Lee-Sallee estimate was calculated in ArcMap 10.5.1 
using python 2.7.8 scripting techniques and the arc spatial analyst toolbox.  Pairwise 
comparison between the spatial correspondences was evaluated by Tukey’s Honest 
Significant Difference (HSD), where our level of significance (ɑ) were set at 0.05.   
Crown Fire Thresholds 
 Wildfire simulation programs incorporate scenario-specific thresholding values for 
propagating and maintaining active crown fire spread.  Managers in SNF using 
LANDFIRE had difficulty propagating crown fires. Forested areas with dense understory 
are susceptible to the transition of surface fire to the crown fuel layer (Molina et al. 2011). 
The crown fire model used in FARSITE allows us to determine the threshold for the 
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transition to crown fire and whether or not the fire fulfilled the conditions for the torching 
and spread of crown fire (Van Wagner, 1977, 1993). In order to be an active or independent 
crown fire (where torching and spread through the canopy occurs), two criteria must be 
met.  First, the fire line intensity (Ib: Byram 1959) must be greater than or equal to Van 
Wagner’s (1989) intensity threshold (Io). Second, the active crown fire spread rate (RCactual) 
must be greater than or equal two Alexander’s (1988) active crown fire rate of spread 
threshold (RAC).  Variables are defined in Table 4, and equations are defined in Table 5. 
Due to the nature of the literature, some models were constructed for English units while 
others with metric units. We applied transformations between the units of measurements 
when necessary.  The surface fuel data was built using FBFMs eight and ten as they 
compose a majority of the surface fuels in the study area (46.3% and 47.6% respectively). 
CBH was set at 2.52 m as that was the average of data provided by Engelstad et al. (2019) 
across the study area. Fireline intensity must exceed 43.88 kW⋅m-1 to initiate a crown fire.  
Results 
Mean CBD values for FC, T12, B12, and B123 were 1.336 kg·m-3 (+ 0.237 kg·m-
3), 1.224 kg·m-3 (+ 0.125 kg·m-3), 1.298 kg·m-3 (+0.278 kg·m-3), and 1.938 kg·m-3 (+ 0.496 
kg·m-3), respectively. The correlation coefficient between CBDB12 and CBDB123 was high 
(0.744), although, all other relationships between calibrated CBD values were near random 
(Figure 5). This suggests estimation of CBD using transformed CGF (Keane et al. 2005) is 
more sensitive to the height of CGF measurement (in this case, ground level verses two 
meters above ground) than to the suite of view angles used to detect CGF (i.e. CBDB12 and 
CBDB123 verses CBDB12 and CBDT12, Table 2). 
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Simulated fire perimeters roughly followed the same spatial pattern (Figure 6).  The 
average Redeye fire simulation burned 681 ha (+ 32 ha) while the Famine Fire simulations 
burned approximately 1,275 ha (+ 40 ha). The Famine Fire simulations were much more 
centered on the point of ignition than anticipated. Simulations exhibited southward 
expansion until Brule Lake in nearly all simulations with westward expansion typically 
beyond Cam Lake (Figure 6). None of the simulations for the Famine Fire reached Long 
Island Lake, which is the historical northern extent of this fire. Repeated instances of 
spotting fires occurred to the north of Davis Lake and the East of North Cone Lake. The 
Redeye Fire simulations deviated from the historical fires slightly. The historical fire had 
a spotting event north of Winchell Lake which was not observed in simulations. 
Simulations deviated to the south and west of the historical perimeter.  
Inspection of the Lee-Sallee metrics (Table 6, 7) permits certain generalizations to 
be made concerning the shape of the simulations. The Lee-Sallee spatial correspondence 
metric for Redeye and Famine were 0.521 (+ 0.0136) and 0.172 (+ 0.003) respectively.  
Spatial correspondence did not change significantly between filtered images for Redeye 
(1x1: 𝜇𝜇= 0.520 + 0.016; 5x5: 𝜇𝜇= 0.522 + 0.014; 7x7: 𝜇𝜇= 0.520 + 0.016) and Famine 
simulations (1x1: 𝜇𝜇 = 0.172 + 0.003; 5x5: 𝜇𝜇= 0.172 + 0.002; 7x7: 𝜇𝜇= 0.172 + 0.04). 
Pairwise comparison between the calibrated CBD images were inconclusive.  However, 
calibrated CBD images, on average, had higher spatial correspondence to the simulated 
fires than LANDFIRE estimates (Tables 6, 7).   
Pairwise comparison for the Famine Fire, calibrated CBD simulations showed near 
perfect congruency with the spatial pattern of the LANDFIRE simulations (Figure 7).  For 
Redeye Fire simulations, ten of the twelve calibrated CBD images had Lee-Sallee metrics 
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higher than the upper error bound of the LANDFIRE CBD Lee-Sallee metric (Figure 8). 
CBDT12 with no spatial smoothing and CBDFC with a 5x5 convolution matrix filter showed 
a marginal overlap with the distribution of LANDFIRE CBD.  
Under both surface fuel scenarios, fireline scenarios exceeded the threshold for 
torching (79.92 and 390.21 kW⋅m-1 respectively).  To initiate a sustained active or 
independent crown fire, CBD values of 0.54 kg⋅m-3 for FBFM8 and 0.28 kg⋅m-3 for 
FBFM10 must be achieved.  The calculations assumed no slope with a uniform distribution 
of wind and canopy base height.  Hence, the threshold will vary between pixel-specific 
surface fuel and canopy bulk density values.  
Discussion 
We theorized that the use of CBD estimates produced by Wolter et al. (2019) to 
model fire behavior would result in increased spatial correspondence to the past fire events 
due, primarily, to their high reported accuracy.  In general, the Redeye Fire simulation 
results supported our conjecture. As previously mentioned, fuel parameters derived via 
remote sensing tend to have an underprediction bias (Cruz and Alexander 2010).  We 
believe this is linked, in part, to the fact that understory components of CBD that are 
critically important for modeling fire spread (Keane et al. 2005) are largely obscured by 
forest overstory (Elvidge 1988; Krasnow et al. 2009).  This is significant because optical 
remote sensing techniques used by LANDFIRE (Reeves et al. 2009, Rollins 2009) have 
difficulty in seeing these understory layers in Minnesota (Thapa et al., 2019).  Hence, the 
overall higher magnitude among mapped CBD values produced in the Wolter et al. (2019) 
study supports this conjecture, as their use of SAR sensor data afforded greater visibility 
of coniferous understory fuels.   
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The spatial correspondence for the Redeye Fire fell within the bounds of previous 
Lee-Sallee-based fire perimeter studies.  Peterson et al.’s (2005) work ranged from 0.450 
to 0.750, and Dennison and Matheson’s (2011) work ranged from 0.416 to 0.671.  The 
extent of spatial congruence between Redeye Fire simulations and the historical fire 
perimeter was dampened by the spotting event that occurred North of Winchell Lake 
(resulting in approximately 19% of the total burned area), a phenomenon that was not 
observed during simulations. Date, time, and location of this spotting event were either not 
observed or recorded and, therefore, post-spot simulations could not be accurately 
conducted. Several fires throughout the Western United States have had progression 
mapping performed by the U.S. Forest Service as fire perimeters expand—a service that is 
currently not performed for Minnesota wildfires but would be beneficial for understanding 
abnormal spotting and lake jumping events.  
We suspect that wind the lack of northward expansion and spot fires were a result 
of an insensitivity to wind in FARSITE simulations.  Forest managers noted that 15 
September 2006 produced higher wind velocities that could explain the narrowing of the 
fire paths. Wind speed and direction did not appear to play a major role in fire behavior.  
Artificially altered wind speeds and direction had little effect on the shape or approximate 
area of the fires.  The Rothermel surface fire spread model limits the wind multiplication 
factor in low-intensity fires due to the phenomenon of surface fire spread rates decreasing 
as wind speed increases (McArthur 1969).  Cohen et al. (2006) and Finney et al. (2013) 
describe the implications of the shortcomings of Rothermel’s models (1972, 1991) in 
modeling torching in coniferous landscapes. The models look at gross-scale fire parameters 
(e.g. rate of spread) rather than the underlying processes that cause non-steady flame 
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behavior (i.e. fuel particle heat exchange, convection, and live fuel behavior).  This may 
lead to separation between expected and actual fire behavior, especially in anomalous 
events.  
The difference in spatial correspondence metrics between Famine and Redeye 
simulations has several theoretical causes. The Famine Fire begins at a high elevation (626 
m), compared to the average elevation of the fire perimeter (592 m + 28 m). Van Wagner 
(1988) showed that the fire rate of spread reaches a relative minimum at a downward slope 
of 20°. There is a 20° downhill slope approximately 400 m north of Ida Lake (Figure 4) 
where the Famine Fire simulations began to diverge as the simulations fanned out, whereas 
the historical fire continued along this linear, north-northwestern trend for another 
kilometer.   
Unfortunately, for simulation purposes, the full suite of satellite data used in the 
Wolter et al. (2019) study (e.g. the L-band Japan Earth Resources Satellite [JERS-1]) were 
not available for modeling CBD to patch areas burned in 2006.  Another caveat is that 
FuelCalc does not use the most pertinent allometry to calculate CBD, as it was developed 
for western coniferous forests (Lutes 2018).  As mentioned previously, allometric 
equations of similar species were used as FuelCalc does not contain allometry for most of 
the eastern conifer species documented in the 2015-2017 pilot study (Engelstad et al. 2019, 
Wolter et al. 2019). Additionally, interspecies allometry varies substantially based on soil 
nutrients, climate, and competition (Hulshof et al. 2015).  Hence, it seems logical, with 
reference to FuelCalc, that use of region-specific allometric biomass equations for 
northeastern Minnesota (e.g. Perala and Alban 1994) would likely yield more accurate 
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estimates of CBD.  Future research efforts should focus on updating the FuelCalc program 
to include region-specific functionality and allometry. 
Regarding sensitivity of model simulations to varying spatial grain of input CBD 
information, two CBD images (CBDT12 at 1x1 and CBDFC at 5x5) produced insufficient 
evidence to differentiate them from LANDFIRE’s spatial correspondence to the Redeye 
Fire (Figure 6).  The average value of CBDT12 is the closest to the average value of CBDLF.  
The frequency distribution histogram for CBDFC displays a right-tailed skewness. Hence, 
CBDFC may reflect these lower values (CBD < 0.5 kg·m-3) more so than that of other 
locally-calibrated estimates.   
Understanding the torching and crown fire rate of spread threshold values in the 
SNF is imperative for fuel management treatments.  Past research using Finney’s suite of 
geospatial fire analysis programs (FARSITE, FlamMap, FSPro, FSIM) show that values 
of CBDLF are too low to generate the expected amount of crown fire in their simulations 
(Cruz and Alexander 2010).  Because of this, managers typically double the values of 
CBDLF to exceed inhibiting thresholds and meet expected results (Scott 2008).  The Wolter 
et al. (2019) research provides accurate estimates of the maximum, vertical CBD 
throughout the forest profile, which is believed to be more relevant for the fire behavior 
modeling (Keane et al. 2005). Therefore, there is no need for such CBD scalar multipliers 
to fit the requisites for successful crown fire initiation. This research creates opportunities 
for exploration of similar locally-calibrated CBD data for modeling fire behavior in the 
future, including the Superior National Forest. 
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Conclusion 
Comparison of simulations using different CBD inputs demonstrated that spatial 
correspondence were consistently modeled after CBD exceeded a certain threshold.  Thus, 
usage of CBDmax as opposed to CBDavg, which was used for CBDLF, can have a profound 
influence on fire spread as vertically averaged CBD values do not adequately represent the 
fact that only a few forest layers with high CBD may be all that is necessary to sustain fire 
spread.  Furthermore, remedies for spatial grain in CBD did not benefit the accuracy in 
simulations.  Hence, alteration to the original raster data would be unnecessary to produce 
more accurate fire perimeters. 
Until further work can holistically estimate fuels across all forest levels, caution is 
warranted when using simulated fire progression information for management of actual 
wildfires, especially in the presence of anomalous weather or fuel composition. Simulated 
fires in this study tended to spread fixed around the point of ignition, indicating a need for 
changes in the sensitivities to wind and spotting in the models.   Future work should include 
mapping of EVTs on a finer scale (30 m) to calibrate FBFM models and create a reliable 
link between surface and canopy fuels. A combination of field measurements and remote 
sensing imagery akin to Wolter and Townsend (2011) would be useful for assessing EVT 
and associated understory composition. 
The merits of locally-calibrated fuel data, such as CBD, are easily demonstrated 
through computer simulations at the landscape level. The work of Wolter et al. (2019) sets 
the stage to enable more reliable, decisive wildfire management strategies in the Superior 
National Forest and other boreal and sub-boreal forests by providing accurate landscape-
scaled data products.  We validated an indirect field method for estimating burnable CBD 
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under eastern, sub-boreal forest conditions using the LAI-2200C plant canopy analyzer 
(Keane et al. 2005, Wolter et al. 2019).  This method affords the expedient capture of local 
estimates of CGF, which, in turn, enables the rapid estimation of CBDmax at critical 
locations throughout the landscape.  Heightened accuracy in fire perimeter modeling 
allows for the allocation of fuel treatments when threatened with an active fire.  Beyond 
fire behavior patterns, landscape-scale datasets that accurately quantify spatial variability 
in burnable forest fuels are highly coveted for streamlining and prioritizing areas in need 
of immediate fuel reduction treatments,  as regions of high CBD may indicate 
undermanaged stands in the SNF. 
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Tables 
Table 1. Existing Vegetation Type Agreement in 2001 and 2010 LANDFIRE Data 
Data sourced from LANDFIRE’s data quality assessment from 2001 and 2010. User agreements were contrived from the number of 
correctly identified mapped plots.  Error rates were contrived from a confusion matrix.  
Existing Vegetation Plots 
Study Area 
Cover (%) 
2001 Number of 
Field Plots 
2001 User 
Agreement 
2010 Number of  
Field Plots 
2010 False 
Positive 
Error Rate 
2010 False 
Negative 
Error Rate 
Boreal White Spruce-Fir-Hardwood Forest 71.4 27 26% 69 57% 95% 
Boreal Aspen-Birch Forest 15.1 125 35% 741 64% 64% 
Boreal Acidic Peatland Systems 7.3 0 0% 1064 70% 20% 
Laurentian-Acadian Northern Pine Forest 3.1 24 50% 184 70% 64% 
Laurentian-Acadian Alkaline Conifer-
Hardwood Swamp 1.4 44 32% 870 47% 49% 
Boreal Jack Pine-Black Spruce Forest 0.5 1 0% 55 53% 85% 
Laurentian-Acadian Northern Hardwoods 
Forest 0.4 152 80% 3052 25% 18% 
Recently Logged-Herb and Grass Cover 0.3 0 0% 29 100% 100% 
Herbaceous Wetlands 0.2 11 43% 2 100% 100% 
Eastern Boreal Floodplain 0.2 1 0% 28 64% 91% 
Laurentian-Acadian Shrub-Herbaceous 
Wetlands Systems 0.1 0 0% 81 68% 38% 
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Table 2. Cross-validated canopy bulk density model calibration summary statistics  
Abbreviations for: SD, standard deviation; n, number of observations; Varsf, final number of independent variables in the model; 
ncomp, number of components; R2adj, Pearson’s adjusted coefficient of determination; SSE, sum of squares error; AIC, Akaike 
information criterion; BIC, Bayesian information criterion; CBD, canopy bulk density; GL, ground level; AGL, above ground level. 
LANDFIRE estimates were sourced from LANDFIRE 2001 refresh v1.0.5. 
Response variable Mean 
(kg·m-3) 
Max 
(kg·m-3) 
SD 
(kg·m-3) 
n Varsi Varsf ncomp R2adj SSE AIC BIC 
LANDFIRE CBD 0.108 0.300 0.048 - - - - - - - - 
FuelCalc CBD 1.371 2.991 0.787 59 55 29 28 0.961 1.543 -157.00 -96.75 
CBD GL 7o - 23o 1.372 2.406 0.369 59 55 16 5 0.691 3.534 -134.01 -161.08 
CBD GL 7o - 38o 2.049 3.468 0.726 59 55 13 10 0.720 5.950 -109.35 -111.54 
CBD 2m AGL 7o - 23o 1.239 2.492 0.583 59 55 37 34 0.933 0.298 -161.08 -134.01 
CBD 2m AGL 7o - 38o 1.624 3.000 0.743 59 55 39 34 0.977 0.602 -111.54 -82.34 
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Table 3. Reduced set of explanatory image predictors from Landsat images predating 
the historical fires. 
Retained during iterative partial least squares regression of previously calibrated canopy bulk 
density. Landsat images were captured at 05/16/2000 (TM00) and 03/03/2002 (TM02). An 
additional digit was appended at the end to represent the band (1-7).  Ratios used to detect 
vegetation variation include simple ratio (SR00/20), normalized difference vegetation index 
(NDVI00/02), moisture stress index (MSI00/02), normalized burn ratio (NBR00/02), 
reflectance absorption index (RA00/02), and shortwave infrared visible ratio (SVR00/02). 
Finally, tasseled cap (TC00/02) transformations on the Landsat images were also used in 
model calibration. 
Dependent 
variable 
Explanatory image variables 
FuelCalc CBD TM02, TM03, TM022, TM023, TC005, TC007, TC024, TC027, 
SR02, NDVI02, MSI02, NBR02, RA00 
CBD GL 7o - 
23o 
TM004, TM005, TM024, TM027, TC004, TC007, TC021, TC022, 
TC027, SR00, SR02, NDVI00, NDVI02, MSI02, NBR02, SVR00 
CBD GL 7o - 
38o 
TM004, TM005, TM022, TM023, TC005, TC021, TC022, TC027, 
NDVI00, MSI02, RA00, RA02, SVR00 
CBD 2m AGL 
7o - 23o 
TM001, TM004, TM005, TC007 
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Table 4. Summary of Fire Spread Variables.  
Units dimensionless unless specified in the “Description” column 
Variable Description Source 
CBD canopy bulk density (kg⋅m-3) - 
CBH mean canopy bulk density - 
CC mean canopy cover (%) - 
h Fuel particle low heat content (lb⋅ft-1) Albini 1976 
w Fuel loading (lb⋅ft-2) Anderson 1982 
ρb Fuel array bulk density Loomis 1977 
ρn Fuel particle Density Scott and Burgan 2005 
M Live fuel moisture Mn DNR Wildfire 
Information Center 2006 
Mf Fuel particle moisture content Fites et al. 2007 
Mx Moisture content of extinction Albini 1976 
U midflame windspeed (m⋅min-1) Rothermel 1983 
   
R10 active crown fire rate of spread for 
FBFM10 with a 0.4 wind reduction factor 
Rothermel 1991 
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Tables 5. Summary of Basic Fire Spread Equations 
Units dimensionless unless specified in the “Description” column 
Equation Description Source 
𝐼𝐼𝑜𝑜 = (0.010𝐶𝐶𝐶𝐶𝐶𝐶(406 + 25.9𝑀𝑀))1.5 critical surface fire intensity (kW⋅m-1) Van Wagner 1989 
𝑅𝑅𝑅𝑅𝐶𝐶 = 3.0 𝐶𝐶𝐶𝐶𝐶𝐶⁄  critical crown fire spread rate for active 
crown fire (m⋅min-1)  
Alexander 1988 
𝛽𝛽 = 𝜌𝜌𝑏𝑏 𝜌𝜌𝑝𝑝⁄  packing ratio Rothermel 1972 
𝛽𝛽𝑜𝑜𝑝𝑝 = 3.348𝜎𝜎−0.8189 optimum packing ratio Rothermel 1972 
𝜂𝜂𝑚𝑚 = 1 − 2.59(𝑀𝑀𝐹𝐹 𝑀𝑀𝑥𝑥⁄  ) + 5.11(𝑀𝑀𝐹𝐹 𝑀𝑀𝑥𝑥⁄  )2 − 3.52(𝑀𝑀𝐹𝐹 𝑀𝑀𝑥𝑥⁄  )3 moisture dampening coefficient Rothermel 1972 
𝜂𝜂𝑠𝑠 = 0.174 ∗ 𝑠𝑠𝜖𝜖−0.19 mineral dampening coefficient Philpot 1968 
𝑅𝑅 =  1 (4.774 ∗ 𝜎𝜎0.1 − 7.27)⁄  coefficient for reaction velocity Rothermel 1972 
Γ`𝑚𝑚𝑚𝑚𝑥𝑥 =  𝜎𝜎1.5(495 + 0.0594𝜎𝜎1.5)−1 maximum reaction velocity, (min-1) Rothermel 1972 
Γ` = Γ`𝑚𝑚𝑚𝑚𝑥𝑥�𝛽𝛽 𝛽𝛽𝑜𝑜𝑝𝑝⁄ �
𝐴𝐴
exp [𝑅𝑅(1 − �𝛽𝛽 𝛽𝛽𝑜𝑜𝑝𝑝⁄ �] optimum reaction velocity,  (min-1) 
Rothermel 1972 
𝐼𝐼𝑅𝑅 = 𝜂𝜂𝑚𝑚𝜂𝜂𝑠𝑠Γ`hw  reaction intensity (BTU⋅ft-2⋅min-1) Rothermel 1972 
𝜉𝜉 = (192 + 0.2595𝜎𝜎)−1exp ((0.792 + 0.681𝜎𝜎0.5)(𝛽𝛽 + 0.1)) propagating flux ratio Rothermel 1972 
𝜀𝜀 = exp (−138/𝜎𝜎) effective heating number Rothermel 1972 
𝑄𝑄𝑖𝑖𝑖𝑖 = 250 + 1,116𝑀𝑀𝐹𝐹 heat of pre-ignition (kJ⋅kg-1) Rothermel 1972 
𝐶𝐶 = 0.0252𝜎𝜎0.54 coefficient for wind coefficient Rothermel 1972 
𝜙𝜙𝑤𝑤 = 𝐶𝐶𝐶𝐶(3.821U)𝐵𝐵  wind coefficient Rothermel 1972 
𝑅𝑅 = (𝐼𝐼𝑅𝑅𝜉𝜉(1 + 𝜙𝜙𝑤𝑤)) (𝜌𝜌𝑏𝑏𝜀𝜀𝑄𝑄𝑖𝑖𝑖𝑖)⁄  steady-state fire spread rate (m⋅min-1) Rothermel 1972 
𝐼𝐼𝐵𝐵 = 𝐼𝐼𝑅𝑅 (12.6𝑅𝑅) 𝜎𝜎𝐵𝐵⁄  fireline intensity (kW⋅m-1) Byram 1959 
𝑅𝑅𝑜𝑜 = 𝐼𝐼𝑜𝑜(𝑅𝑅 𝐼𝐼𝐵𝐵)⁄  critical surface fire spread rate(m⋅min-1) Van Wagner 1993 
𝑅𝑅𝑐𝑐𝑚𝑚𝑚𝑚𝑥𝑥 = 3.34𝑅𝑅10 maximum crown fire spread rate 
(m⋅min-1) 
Finney 2004 
𝐶𝐶𝐶𝐶𝐶𝐶 = 1 − exp [(−ln (0.1) (0.9(𝑅𝑅𝑅𝑅𝐶𝐶 − 𝑅𝑅𝑜𝑜)(𝑅𝑅 − 𝑅𝑅𝑜𝑜)]⁄  canopy fraction burned (%) Van Wagner 1993 
𝑅𝑅𝑐𝑐𝑚𝑚 = 𝑅𝑅 + 𝐶𝐶𝐶𝐶𝐶𝐶(𝑅𝑅𝑐𝑐𝑚𝑚𝑚𝑚𝑥𝑥 − 𝑅𝑅) actual active crown fire spread rate 
(m⋅min-1) 
Finney 2004 
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Table 6. The Lee-Sallee metric for spatial correspondence for Famine simulations.   
Canopy Bulk Density Image Convolution Filter Mean Standard 
Deviation 
LANDFIRE CBD 1x1 0.1722243 +0.003082 
FuelCalc CBD 1x1 0.168944 +0.002009 
 
5x5 0.170076 +0.002463 
 
7x7 0.170736 +0.002438 
CBD GL 7o - 23o 1x1 0.170057 +0.002172 
 
5x5 0.169276 +0.001825 
 
7x7 0.171416 +0.002792 
CBD GL 7o - 38o 1x1 0.169276 +0.002515 
 
5x5 0.170741 +0.001844 
 
7x7 0.169541 +0.001911 
CBD 2m AGL 7o - 23o 1x1 0.171377 +0.005932 
 
5x5 0.169340 +0.002138 
 
7x7 0.168298 +0.016439 
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Table 7. The Lee-Sallee metric for spatial correspondence for Redeye simulations.   
Canopy Bulk Density Image Convolution Filter Mean Standard 
Deviation 
LANDFIRE CBD 1x1 0.5069823 +0.01472791 
FuelCalc CBD 1x1 0.5250438 +0.009694743 
 
5x5 0.516185 +0.001816434 
 
7x7 0.5182904 +0.01446981 
CBD GL 7o - 23o 1x1 0.5183566 +0.01963751 
 
5x5 0.525563 +0.008388899 
 
7x7 0.5204878 +0.01970817 
CBD GL 7o - 38o 1x1 0.5212647 +0.009812729 
 
5x5 0.5212647 +0.01679964 
 
7x7 0.5249916 +0.01084013 
CBD 2m AGL 7o - 23o 1x1 0.5154786 +0.01818993 
 
5x5 0.5246227 +0.008405542 
 
7x7 0.5181382 +0.01683952 
 
 
44 
Figures 
 
Figure 1. The Famine and Redeye Fires were ignited early 8 September, 2006 and proceeded to spread throughout until smoldering 
due to rain on 22 September, 2013. Located in the Boundary Waters Canoe Area Wilderness, Superior National Forest in Lake 
County, Minnesota. Landscape images provided by Landsat 5 on 16 May, 2000. Fire perimeters provided by the Gunflint Ranger 
District of the Superior National Forest. 
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Figure 2. Distribution of 62 field plots along the Gunflint Trail in northeastern Minnesota.  The Redeye  fire scar is approximately 
10km south of the furthest west extent of the field plots
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Figure 3. Canopy Bulk Density estimates, in kg·m-3, across four models. Response variables for the models were: the weighted 
average of the top two canopy gap fraction (CGF) angles at ground level, the weighted average of the top three CGF angles at ground 
level, CBD produced my FuelCalc allometry, and the weighted average of the top two CGF angles at two meters above ground level 
respectively. Images used in calibration were taken post-fire so Landsat data from 2000 and 2002 were used to capture landscape 
patterns where modeling capabilities were limited. Finally, 5x5 and 7x7 low pass convolution filters were applied to smooth noise in 
the mosaic. 
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Figure 4. Images of seven FARSITE inputs. Slope, elevation, aspect, canopy height, and canopy cover were taken from Landfire zone 
41 2001 refresh. Fuel Model is a map of Anderson 13 fire behavior fuel model from Landfire but altered according to SNF gunflint 
ranger guidelines. Canopy base height was created using Lidar data by Engelstad et al. 2019. 
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Figure 5. A scatterplot matrix between canopy bulk density (CBD) estimates calibrated by 
2000 and 2002 Landsat images. The Pearson correlation coefficient is displayed in the upper 
triangle. CBD images were estimated using canopy gap fraction (CGF), FuelCalc (FC), and 
LANDFIRE (LF) techniques.  Abbreviations are: B12, CBD estimated by CGF at ground 
level using the weighted average at 7o - 23o; B123, CBD estimated by CGF at ground level 
using the weighted average at 7o - 38o; FC, CBD estimated using allometry in FuelCalc; T12, 
CBD estimated by CGF at 2m above ground level using the weighted average at 7o - 23o. 
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Figure 6. Visual overlay comparison of historical fire areas and simulated fire areas for a.) Famine Fire and b.) Redeye Fire. Outlines 
are the minimum spread distance of each simulation block. 
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Figure 7. Difference in Lee-Sallee spatial correspondence metrics for Famine Fires. The X axis represents canopy bulk density (CBD) 
images using canopy gap fraction (CGF), FuelCalc (FC), and LANDFIRE (LF) techniques.  Abbreviations are: B12, CBD estimated 
by CGF at ground level using the weighted average at 7o - 23o; B123, CBD estimated by CGF at ground level using the weighted 
average at 7o - 38o; FC, CBD estimated using allometry in FuelCalc; T12, CBD estimated by CGF at 2m above ground level using the 
weighted average at 7o - 23o.  
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Figure 8. Difference in Lee-Sallee spatial correspondence metrics for Redeye Fires. The X axis represents canopy bulk density (CBD) 
images using canopy gap fraction (CGF), FuelCalc (FC), and LANDFIRE (LF) techniques.  Abbreviations are: B12, CBD estimated 
by CGF at ground level using the weighted average at 7o - 23o; B123, CBD estimated by CGF at ground level using the weighted 
average at 7o - 38o; FC, CBD estimated using allometry in FuelCalc; T12, CBD estimated by CGF at 2m above ground level using the 
weighted average at 7o - 23o. 
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CHAPTER 3.    SENSITIVITY ANALYSIS OF SIMULATION INPUTS ON CROWN 
FIRE BEHAVIOR IN NORTHEAST MINNESOTA 
Jacob OlbrichA, Peter T. WolterA, Patricia J. JohnsonB 
AIowa State University, Department of Natural Resources Ecology and Management, Ames, 
IA, 50011, USA 
BUSDA Forest Service, Gunflint Ranger District, Grand Marais, MN, 55604, USA 
Abstract 
FARSITE is a powerful tool used to model spatial patterns of wildfires by forest 
managers across the United States.  However, FARSITE was calibrated with ground data from 
the national forests and wilderness areas of the western United States.  Hence, local calibration 
of raster data is necessary to obtain realistic results in eastern forests.  In this study, we look at 
several spatially-explicit, landscape-scale FARSITE inputs calibrated within the Superior 
National Forest (SNF) of northern Minnesota. In particular, we investigate the effects of 
canopy base height and fire behavior fuel model inputs as the national estimates provided by 
LANDFIRE have low user agreement throughout this region.  We identified two historic 
wildfires in the SNF to generate iterations of fire behavior input scenarios using the fire area 
simulator FARSITE. We used pairwise comparisons of spatial correspondence metrics to 
analyze differences in fire spread behavior when using locally-calibrated versus LANDFIRE-
based estimates of these fuel inputs.  While simulation results were inconclusive for canopy 
base height, the work provided in fire behavior fuel models showed shortcomings in 
LANDFIRE estimations and raised several questions for future research. 
Introduction 
Wildfire behavior modeling requires a holistic understanding of weather, topography, 
and fuel characteristics (Arroyo et al. 2008; Reeves et al. 2006).  Crown fire behaviors are 
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notably extreme, combining high rates of spread and intensity (Johnson 1992). This 
mechanism on the landscape poses substantial impacts on nutrient cycles (Kolka et al. 2017), 
wildlife habitat (Van Lear and Harlow 2002), forest composition (Carlson et al. 2011), and the 
wildland-urban interface (Mell et al. 2010).  In northern Minnesota, the result of nearly a 
century of federal fire exclusion policies (Cohen 2008) which allowed for the accrual of fire-
intolerant balsam fir (Abies balsamea), a potent, coniferous, ladder fuel between the forest 
surface fuels and tree crowns (Abbas et al. 2011). However, this critical understory fuel is 
mostly masked from above in regions of dense overstory canopies (Krasnow et al. 2009), such 
as the Superior National Forest (SNF) (mean canopy cover = 0.68; Poznanovic and Falkowski, 
unpubl. data, 2017). This is problematic for national-scale mapping efforts, such as 
LANDFIRE (LANDFIRE 2001), as optical aerial or space-based sensors are unable to reliably 
detect and map understory fuels obscured by the forest overstory (Elvidge 1988; Keane et al. 
2001; Krasnow et al. 2009). 
Currently, simulations of wildfire spread patterns in the Gunflint region of the SNF 
accrue compounding errors, limiting the timeframe for which the models (i.e. FARSITE) are 
usable (P. Johnson, 2017 pers. comm.). Additionally, FARSITE was calibrated solely under 
western coniferous fuel conditions, making local calibration and validation a necessity for 
regions outside of the western United States (Arca 2006).  Two salient simulation inputs that 
are equally difficult to estimate in dense heterogeneous forests are canopy base height (CBH) 
and fire behavior fuel models (FBFM).  Measures of CBH are defined as the height at which a 
tree canopy exceeds a minimum fuel load threshold (0.012 kg·m-3; Reeves et al. 2006).  Canopy 
base height is used to aid in predicting surface to crown fire transition (Van Wagner 1989).  
The FBFMs represent average fuel properties necessary to drive Rothermel’s surface fire 
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spread model (Reeves et al. 2009). Fuel properties include loading, surface-area-to-volume-
ratio, fuel bed depth, and moisture of extinction by category (live and dead) and size class 
(Anderson 1982; Reeves et al. 2009).  The size classes (0 - <0.635 cm; 0.635 - <2.54cm; 2.54 
- <7.62 cm; and 7.63 - <20.32 cm diameter woody material) represent respective fuel moisture 
content time lags required for a fuel particle to reach approximately 63.2% of its way to 
equilibrium with its environment, typically bracketed into 1, 10, 100, and 1000 h (Anderson 
1982). The surface fuel complex within an FBFM influences the flame length, fireline 
intensity, and rate of spread of surface fires (Finney 2004). 
The LANDFIRE data project supports raster-based fire behavior research (e.g. Bar 
Massada et al. 2009). This project develops and maps continuous and consistent geospatial 
data for fuel layers, including forest site potential and existing vegetation type, percent cover, 
and height (Reeves et al. 2009).  LANDFIRE uses multiple Landsat Thematic Mapper (TM) 
swaths from the Multi-Resolution Land Characteristics (MRLC) project (Homer et al. 2004) 
to cover vast expanses of area, which are then related to ground reference data (Reeves et al. 
2006).  Data quality assessments of these LANDFIRE data products from 2001 and 2010 show 
low agreements throughout northeastern Minnesota (https://www.landfire.gov/quality.php, 
accessed 6 September 2017). In the dominant vegetation types, boreal aspen-birch and boreal 
white spruce-fir forest types, low agreement (<40%) and high error rates (>50%) were present 
(Table 1).  The inaccuracies of the existing vegetation type data product affect other products, 
such as FBFM, as they rely on existing vegetation type as a predictor (Rollins 2009). 
Even among some western coniferous forests, Cruz and Alexander (2010) stated that 
multiple simulation studies artificially altered simulation inputs (e.g. wind velocity) to generate 
values for torching and crown indices (TI and CI, respectively).  Here, the TI and CI values 
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are, respectively, defined as the 6.1 m wind speed needed to initiate a passive crown fire or 
sustain an active crown fire within a stand (Scott and Reinhardt 2001).  These two values 
signify critical spread parameters in wildfires.  Along with TI, CBH and FBFM play major 
roles in crown fire initiation (Van Wagner 1977; Van Wagner 1989). 
In northern Minnesota, canopy cover was found to be a poor predictor of understory fir 
abundance (Wolter et al. 2019), which is considered a highly shade-tolerant conifer species 
(Kneeshaw et al. 2006).  As stated above, such fuels are often obscured from remote detection 
by the forest canopy (Krasnow et al. 2009).  Moreover, CBH suffers from the same vertical 
obscuration issue, as it is a measurement from below the crown. Numerous remote sensing-
based studies on CBH have been conducted in other regions in the western United States (e.g. 
Andersen et al. 2005, Erdody and Moskal 2009), while the authors are only aware of one such 
study in the Eastern US where CBH was quantified and mapped (Wolter et al. 2009).  While 
this 2009 Minnesota study was considered a success, the ground data needed to enable such 
work are not currently contained in national forest inventory data sets (O’Connell et al. 2014).  
Thus, it is not surprising that the LANDFIRE CBH product poorly represents actual fuel 
conditions in some fire simulation studies (Krasnow et al. 2009).   
This study evaluated the effects of both local and national estimates of CBH and FBFM 
on modeling fire behavior in the SNF. The accuracy of LANDFIRE’s CBH (CBHL) variable 
in northeastern Minnesota is low (R2 = 0.48; LANDFIRE 2001).  LANDFIRE’s FBFM 
(FBFML) data, consequently, are derived from known relationships with existing overstory 
vegetation types (Rollins 2009), which, as mentioned above, are poorly mapped in this region 
(Table 1).  
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Thus, fire simulations in this study evaluated the results of modeled spatial behavior 
around key fuel input variables used for this region of Minnesota. We compared two sources 
of CBH data as inputs: CBH from LANDFIRE 2001 refresh (CBHL) and low-density LiDAR-
based estimates CBH (CBHE, Engelstad et al. 2019). We also evaluated two estimates of FBFM 
data: the Anderson 13 (1982) fuel models from LANDFIRE 2001 refresh (FBFML) and FBFM 
raster data derived from a ruleset designed by the US Forest Service (FBFMF).  
Methods 
Study Landscape 
Two fires north of Brule Lake, MN (Redeye and Famine) were used as target areas for 
fire simulation scenarios (Figure 1).  Elevation specific to the fire perimeters ranges between 
514m and 689m.  Lightning ignited both fires in the early morning hours of 8 September 2006.  
The Redeye Fire ignited at 47°58’32”N, 90°33’29”W and consumed ca. 677 ha of forest, while 
the Famine Fire ignited at 47°57’521”N, 90°43’02”W, and consumed ca. 1,452 ha of forest.  
Both fires were extinguished by rainfall on 22 September 2006 and smoldered with no growth 
until containment in October.   
Our study area is approximately 18,045 ha surrounding the 2006 Redeye and Famine 
Fires (Figure 1) in Cook County, MN.  The area is north of Brule Lake, nearly bisected by 
Winchell and Davis Lake.  The area is characterized as having a long period of snow cover 
(ca. 151 days at Gunflint Lake) and a short growing season (ca. 131 days near Basswood Lake, 
Heinselman 1996).  Mean annual minimum temperature for the area is -0.94°C, and mean 
annual maximum temperature is 8.67°C.  Mean annual precipitation is 64.11 cm.  
This region of Minnesota is part of the Laurentian Mixed Forest (LMF) Province, 
which extends north into neighboring Ontario, Canada.  This greater region is composed of 
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coniferous forests, mixed conifer and hardwoods forests, and conifer bogs and wetlands 
(www.dnr.state.mn.us/npc/index.html, accessed 28 May 2018).  The study site is a microcosm 
of the larger ecoregion, predominantly comprised of upland mixed (34.3%) and conifer stands 
(33.3%). Upland conifer forests have canopies dominated by red and white pines (Pinus 
resinosa and P. strobus, respectively) with occasional inclusions of white spruce (Picea 
glauca) and paper birch (Betula papyrifera). Upland mixed forests are various amalgamations 
of quaking aspen (Populus tremuloides), paper birch, white spruce, white pine, and northern 
white-cedar (Thuja occidentalis) (Heinselman 1973).  Since the early 20th century, federal 
wildfire suppression has led to an increase in the dominance of shade-tolerant, fire-sensitive 
balsam fir on this landscape (Corace et al. 2012), which exists largely as an understory 
component of other forest types (Wolter and Townsend 2011).  The unique flammability and 
understory canopy position make balsam fir an effective and, hence, dangerous ladder-fuel for 
crown fire propagation (Abbas et al. 2011).  As such, overstories of pine, spruce, or mixtures 
of these conifers with deciduous species are much more susceptible to torching when 
interspersed with or containing an understory of balsam fir, especially jack pine (Pinus 
banksiana) (Heinselman 1996).   
Surface fuels within this region are reflective of the combination of dominant forest 
cover type, topography, and unique natural history and disturbance history (Rich et al. 2007).   
Areas with mixed stands generally have a compact fuel bed of shed hardwood leaves and short 
needles.  This fuel complex is predominant where eastern white pine, aspen, and white spruce 
are present (Anderson 1982). Older growth stands may contain large pieces of dead-down bole 
and limb wood, allowing longer flame lengths in surface fires (Heinselman 1996).  Remnants 
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of a large blowdown event from 4 July 1999 (Woodall and Nagel 2007) persist north of Davis 
Lake and northeast of Whitaker Lake.   
Sensitivity Analysis 
The simulations for this study were run through FARSITE, an equation-derived fire 
area simulator that propagates vectors representing fire perimeter expansion at pre-specified 
time steps. The perimeter is represented by a polygon where the vertices have information on 
the fire’s spread rate and intensity. Fire behavior at each vertex is assumed to be independent 
of the others so that outputs of each simulation exemplifies the unique spatial ramifications 
(Finney 2004; Peterson et al. 2005).  FARSITE simulated perimeter data were produced as 
raster images at four-hour intervals throughout the time frame established by the preexisting 
fire.  A 5.0% spotting frequency was set to emulate firebrand spread (Finney 2004).  Thirty 
simulations were run for each combination of fuel inputs to capture potential trends in fire 
behavior outcomes for both historical wildfires (n=480).  Simulation runs began at 0400 h on 
8 September. Because it is unclear when rains effectively terminated fire spread on 22 
September, the end date was set at midnight (i.e. 0000 h on 23 September). 
Weather data (e.g. wind speed, precipitation, relative humidity, etc.) were extracted 
from the Seagull, MN remote access weather station (48°06’00”N, 90°54’00”W; 
wrcc.dri.edu/cgi-bin/rawMAIN.pl?sdMSEA, accessed 20 November 2017) climate archive as 
well as the National Wildfire Coordination Group (fam.nwcg.gov/fam-
web/weatherfirecd/state_data.htm, accessed 24 August 2018). Wind predictions on the 
landscape were modeled using the WindNinja program (Wagenbrenner 2016) to account for 
local terrain effects. The input wind ASCII files had a 103m resolution for hourly readings 
across the entirety of the study area.   
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The perimeter results at the time the simulation ceases (0000 h on 23 September) and 
the fire perimeter data distributed by the US Forest Service was tested using Lee and Sallee’s 
(1970) spatial correspondence metric. The Lee-Sallee metric measures agreement between two 
shapes, expressed by the formula: 
[𝜇𝜇(𝐾𝐾, 𝐿𝐿) = [𝛼𝛼(𝐾𝐾𝑇𝑇∆𝐿𝐿𝑇𝑇) 𝛼𝛼(𝐾𝐾𝑇𝑇 ∪ 𝐿𝐿𝑇𝑇)⁄ ] 
where K and L are uniquely identified shapes of the simulated and the observed fire at time T, 
and α is the calculated area of both shapes. A μ value of one suggests a congruence between 
two shapes, where values less than one represent deviations from congruence. The Lee-Sallee 
has seen use in fire ecology (Peterson et al. 2005; Dennison and Matheson 2011); however, its 
use in comparing simulated fire perimeter outputs based on fuel inputs has not been explored 
to date.  The Lee-Sallee estimate was calculated in ArcMap 10.5.1 using python 2.7.8 scripting 
techniques and the arc spatial analyst toolbox.  Comparison of means between the spatial 
correspondences was evaluated by Student’s t-test, where we set our level of significance (ɑ) 
at 0.05.   
Canopy Base Height 
CBH estimates for the SNF region were provided by Colorado State University (CBHE, 
Engelstad et al. 2019).  These CBHE estimates were modeled by randomForest imputations 
using low-density LiDAR data.  The resulting product was a 10 m resolution image spanning 
140,000 ha of northeastern Minnesota (R2 = 0.79, RMSE = 1.10 m), containing both the SNF 
and BWCAW (Figure 2).    
The LiDAR data used to calibrate CBHE in this region (Engelstad et al. 2019) were 
captured after the 2006 fires. To remedy these data void (v) issues, CBHE values inside the 
2006 fire perimeters were erased and supplemented with a third set of CBH estimates (CBHV) 
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calibrated with satellite images that predate the 2006 fire ignitions (Table 2) (Syphard et al. 
2008). We randomly generated 1,000 points across the unburned portions of the study area and 
extracted respective CBHE values.  These data were then combined with data from two 30 m 
Landsat-5 Thematic Mapper (TM) images from 16 May 2000 (TM00) and 3 March 2002 
(TM02) to calibrate models for predicting CBHE values for the areas burned in 2006.  Predictor 
variables for estimating CBHV consisted of the six, respective, Landsat sensor bands (1-5, 7) 
as well as tasseled cap (TC) transformations (i.e. brightness, greenness, and wetness (Crist 
1985)) of these data (TC00 and TC02, respectively).  The latter variables were included as 
predictors of CBHV because TC transformations of Landsat data are known to be sensitive to 
variations in forest structure and phenology (Healey et al. 2005, Wolter et al. 2008).  
Calibrations between extracted structure data and Landsat image data were achieved using 
iterative partial least squares (xPLS) regression (Wolter et al. 2012) to both reduce the 
dimensionality of the explanatory variables and to minimize residual mean squared error 
(Table 3).   
Fire Behavior Fuel Model 
LANDFIRE calibrated both FBFM13 data products using a series of nationwide 
workshops (https://www.landfire.gov/fbfm13.php, accessed 8 October 2018) where 
participants reviewed and adjusted FBFM rulesets using unique combinations of existing 
vegetation type (EVT), existing vegetation cover percent (EVC), existing vegetation height 
(EVH), and in some cases biophysical settings (BPS).   
The FBFM data used in FARSITE simulations for this study were constructed under a 
ruleset developed by SNF fuel managers (Forest Service, unpubl. data, 2018). The SNF ruleset 
assumed a 16 km·h-1 wind speed at 6.1 m with no specified slope or wind direction.  This 
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ruleset was run through Nexus v2.1 and looked at metrics of specific forest types (dominant 
lifeform [e.g. Tree], range of cover [%], range of height [m]). The distribution of fuel models 
in the region, as defined by the Anderson set of FBFMs (Anderson 1982), are dominated by 
FBFM8 and FBFM10.  Model eight (46% of the landscape) is characterized by closed canopies 
of short-needle conifers or leafed out hardwoods. This FBFM is mainly comprised of needles, 
leaves, and twigs with little undergrowth.  This results in slow-burning ground fires that may 
encounter a concentration of heavy fuels that can flare up. Model ten (47% of the landscape) 
is the most volatile of the timber litter models, characterized by heavy downed material, 
resulting in more frequent events of torching or spotting (ignition of an enclave fire).  Model 
ten is prevalent within the Redeye Fire perimeter, whereas the FBFMs are more heterogeneous 
in the Famine Fire perimeter with a strong presence of FBFM10 in the area between Cash and 
Davis Lakes.  Using the Wildland Fire Decisions Support System, fuel moisture content time 
lags for 1, 10, and 100 h fuels were set at 5, 10, and 12%, respectively.  
The respective distributions and similarities (adjusted R2 = 0.676) between FBFMF and 
FBFML across the study landscape are shown in Figure 3.  While FBFMF showed similarities 
in landscape pattern with FBFML, the crosswalk neglected to include FBFM9.  This fuel model 
consisted of long-leaved pine (e.g. red pine) and hardwood litter with occasional 
concentrations of dead-down woody debris.  Instead, the ruleset for FBFMF included FBFM8 
across the landscape.  FBFM8 contains less fine fuel loadings (1 h and 10 h fuels) and more 
100 h fuel loadings (Anderson 1982).   
Results 
Simulated fire perimeters for each fire were more centered on the point of ignition 
compared to the respective past fires (Figure 4).  The average Redeye Fire simulation burned 
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1,094 ha (+ 40 ha) while the Famine Fire simulations burned approximately 1,541 ha (+ 26 
ha). 
Canopy Base Height 
LiDAR-based estimates of CBH (2.52 + 1.13 m) were lower on average compared to 
the LANDFIRE estimates (2.762 + 0.97 m) across the study area.  There is a moderate spatial 
relationship between the two sources of CBH (CBHE and CBHL) data used in this simulation 
study (R2 = 0.546). CBHV showed some positive association to CBHE (RMSE = 0.74 m, 
adjusted R2 = 0.42).  Hindcasted simulated fire perimeters followed similar pattern for each 
estimate (Figure 4).  The difference in mean Lee-Sallee spatial correspondence was not 
substantial (Figure 5).  The spatial correspondence for CBHE was marginally larger (0.522 + 
0.018) than for CBHL (0.521 + 0.014) in Redeye Fire simulations (p = 0.73).  Similarly, the 
Famine Fire scenarios were also inconclusive with CBHL (0.186 + 0.014) being slightly more 
accurate than CBHE (0.185 + 0.011) (p = 0.60).   
Fire Behavior Fuel Models 
Simulations using FBFML image, on average, burned larger areas than those using the 
crosswalk image (Figure 4).  FBFML simulations burned 1,514 ha (+ 18 ha) in Redeye 
simulations whereas the FBFMF crosswalk burned 704 ha (+ 44 ha). In the Redeye Fire 
scenario, the larger perimeter corresponded to a significantly (p < 0.01; Figure 6) lower Lee-
Sallee metric (0.339 + 0.004) than the crosswalked estimate (0.522 + 0.017), indicating the 
SNF crosswalked estimates hindcasted the Redeye Fire perimeter more accurately than 
LANDFIRE’s estimates. Conversely, in the instance of the Famine Fire scenario, this 
corresponded to a significantly (p < 0.01) higher Lee-Sallee metric (0.196 + 0.008) than the 
crosswalked estimate (0.174 + 0.003).   
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Discussion 
The FBFM ruleset derived by the SNF proved to be a significant improvement over 
LANDFIRE’s ruleset. The spatial correspondence for the Redeye Fire using the SNF fuel 
ruleset fell within the bounds of previous Lee-Sallee-based fire perimeter studies. Peterson et 
al.’s (2005) work ranged from 0.450 to 0.750, and Dennison and Matheson’s (2011) work 
ranged from 0.416 to 0.671.  However, the spatial distribution of the fuels still could be 
improved with a better mapping of EVTs. Future work will include a finer resolution raster 
layer (30 m) of forest type across SNF which can be used to calibrate data for other fuel input 
layers such as FBFM. 
The heightened spatial correspondence of Famine Fires using FBFML may be a result 
of the spatial distribution of lakes across the landscape. The western extent of the fire 
simulations contains a series of four lakes (Vesper, Gaskin, Cam, and Brule) that creates 
several small corridors. Similarly, four lakes bound the eastern extent (North Cone, Middle 
Cone, South Cone, and Cone Bay). Brule Lake blockades the southern region, and the patch 
left unburned southeast of the fire has an abrupt change in elevation (Figure 7). These 
boundaries hinder fire spread in any direction except for northward, where a majority of the 
Famine Fire occurred.  It logically follows that with an increase in the fuel load in a simulation, 
the simulated fire will also expand northward, resulting in a higher spatial correspondence. 
However, the Famine Fire was not limited by lake structures during its historical fire spread.  
Hence, it is difficult to determine whether the Famine Fire was accurately captured in any 
scenario as simulations did not follow the historical path and spatial correspondence only 
appeared to increase with eastward, westward, and southward expansion halted.   
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There were a multitude of data inputs from various sources which may compound some 
small inaccuracies in the data. The first data concern for this study comes from wind and 
weather. Forest managers noted that 15 September 2006 was a particularly windy day that 
would explain the narrowing of the fire paths. We observed long distances between ember 
sources and spot fires throughout simulations on this day.  However, due to the simulated fires 
spreading more centered, wind appears to have played an insignificant factor in simulations.  
Test fires show unsubstantial changes in fire pattern and area burned in excess of 80 k⋅h-1 
midflame wind speeds, supporting Cruz and Alexander’s (2010) claim that the Rothermel 
(1991) model is insensitive to changes in wind speed.  The Rothermel surface fire spread model 
limits the wind multiplication factor in low-intensity fires due to the phenomena of surface fire 
spread rates decreasing as wind speed increases (McArthur 1969).  Cohen et al. (2006) and 
Finney et al. (2012) describe the implications of the shortcomings of Rothermel’s models 
(1972, 1991) in modeling torching in coniferous landscapes.  Additionally, test fires were 
conducted adjacent to the burned areas to corroborate the similarities in area burned between 
CBHE, CBHL, and CBHV.  These test fires burned similar areas to the simulations used for 
sensitivity analyses, implicating that CBHV was a reasonable dataset to fill the void.  
Differences in modeled burn perimeter between the FARSITE simulations initialized 
using different versions of CBH were largely inconclusive.  Nevertheless, the CBHE mapped 
estimates from Engelstad et al. (2019) are complete and have now replaced CBHL for modeling 
fire behavior at the Gunflint Ranger District of the SNF.  
A combination of changes in wind and spatial distribution of CBH and FBFM could 
induce spotting events that were largely nonexistent in our simulations (Albini 1979; Scott 
1998). Spot fires were suspected to occur north of Winchell Lake for the Redeye Fire 
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(approximately 19% of the total area) as well as act as a driver for the northern expansion for 
the Famine Fire (Figure 1).  Time and location of these spotting events were either not observed 
or recorded and, therefore, post-spot simulations could not be accurately conducted. Several 
fires throughout the Western United States have had progression mapping performed by the 
U.S. Forest Service as fire perimeters expand—a service that is currently not performed for 
Minnesota wildfires but would be beneficial for understanding abnormal fire phenomena. 
Conclusions 
The insight on fuel data for these variables provides valuable insight into the necessities 
and limitations of fire behavior mechanics. Despite the increased understanding in CBH 
variability across the SNF, CBH mathematically does not affect the magnitude of a crown fire, 
only whether one is present or not (Scott 1998; Finney 2004).  The fireline intensity is 
compared to Van Wagner’s 1977 CBH-influenced threshold and is either classified as a surface 
fire or a passive crown fire.  However, maps of CBH may provide management information 
on fire-prone areas. An increase in CBH across an area is indicative of forest fire resilience, 
allowing nutrient turnover in surface fuels while not jeopardizing areas with volatile crown 
fires (Agee and Skinner 2005). 
Despite the limitations of the fuel inputs, this work introduces several questions on 
understory fuel load and models. Specifically, what is the reliability of current estimation 
methods of surface fuel models in the SNF?  FBFMs are strong indicators of surface fire spread 
and crown fire ignition (Finney 2004).  As explained in the introduction, LANDFIRE 
agreement on existing vegetation type across the SNF is low. The data and literature exist to 
reliable estimate existing vegetation type in this region using remote sensing techniques 
(Wolter and Townsend 2011).   
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Tables 
Table 1. Existing Vegetation Type Agreement in 2001 and 2010 LANDFIRE Data 
Data sourced from LANDFIRE’s data quality assessment from 2001 and 2010. User agreements were contrived from the number of 
correctly identified mapped plots.  Error rates were contrived from a confusion matrix.  
Existing Vegetation Plots 
Study Area 
Cover (%) 
2001 Number of 
Field Plots 
2001 User 
Agreement 
2010 Number of  
Field Plots 
2010 False 
Positive 
Error Rate 
2010 False 
Negative 
Error Rate 
Boreal White Spruce-Fir-Hardwood Forest 71.4 27 26% 69 57% 95% 
Boreal Aspen-Birch Forest 15.1 125 35% 741 64% 64% 
Boreal Acidic Peatland Systems 7.3 0 0% 1064 70% 20% 
Laurentian-Acadian Northern Pine Forest 3.1 24 50% 184 70% 64% 
Laurentian-Acadian Alkaline Conifer-
Hardwood Swamp 1.4 44 32% 870 47% 49% 
Boreal Jack Pine-Black Spruce Forest 0.5 1 0% 55 53% 85% 
Laurentian-Acadian Northern Hardwoods 
Forest 0.4 152 80% 3052 25% 18% 
Recently Logged-Herb and Grass Cover 0.3 0 0% 29 100% 100% 
Herbaceous Wetlands 0.2 11 43% 2 100% 100% 
Eastern Boreal Floodplain 0.2 1 0% 28 64% 91% 
Laurentian-Acadian Shrub-Herbaceous 
Wetlands Systems 0.1 0 0% 81 68% 38% 
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Table 2. Average Lee-Sallee spatial correspondence metrics for fire simulations. 
Abbreviations are: FBFM, Fire Behavior Fuel Model, CBH, Canopy Base Height; SNF, 
Superior National Forest  
Fire CBH FBFM Mean Standard 
Deviation 
Famine Engelstad SNF 0.173 + 0.002 
  LANDFIRE 0.192 + 0.003 
 LANDFIRE SNF 0.175 + 0.004 
  LANDFIRE 0.193 + 0.010 
Redeye Engelstad SNF 0.522 + 0.013 
  LANDFIRE 0.341 + 0.003 
 LANDFIRE SNF 0.521 + 0.016 
  LANDFIRE 0.337 + 0.003 
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Table 3. Reduced set of explanatory image predictors for canopy base height predating 
the 2006 historical fires. 
Retained during iterative partial least squares regression of previously calibrated canopy bulk 
density. Landsat images were captured at 05/16/2000 (TM00) and 03/03/2002 (TM02). An 
additional digit was appended at the end to represent the band (1-7).  Ratios used to detect 
vegetation variation include simple ratio (SR00/20), normalized difference vegetation index 
(NDVI00/02), moisture stress index (MSI00/02), normalized burn ratio (NBR00/02), 
reflectance absorption index (RA00/02), and shortwave infrared visible ratio (SVR00/02). 
Finally, tasseled cap (TC00/02) transformations on the Landsat images were also used in 
model calibration. 
Dependent 
variable 
Explanatory image variables 
Canopy Base 
Height 
TM001, TM002, TM023, TM025, TC001, TC002, TC004, TC022, 
TC024, TC026 
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Figures 
 
Figure 1. The Famine and Redeye Fires were ignited early 8 September, 2006 and proceeded to spread throughout until smoldering 
due to rain on 22 September, 2013. Located in the Boundary Waters Canoe Area Wilderness, Superior National Forest in Lake 
County, Minnesota. Landscape images provided by Landsat 5 on 16 May, 2000. Fire perimeters provided by the Gunflint Ranger 
District of the Superior National Forest. 
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Figure 2. Two estimations of canopy base height (CBH) across the study landscape. The top 
left is sourced from LANDFIRE’s 2001 refresh and the bottom right is from Engelstad et 
al.’s 2019 work using low density LiDAR. 
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Figure 3. Two 30 m resolution Anderson 13 fire behavior fuel models images across the 
study area using two methodologies. Top left is sourced from LANDFIRE 2001 refresh 
v1.0.5. Bottom right is a crosswalked image using a ruleset provided by Superior National 
Forest rangers. This ruleset links fuel models to overstory vegetation, canopy cover, and 
canopy height. 
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Figure 4. Fire perimeter outputs for all fire behavior fuel model (FBFM) scenarios. SNF 
abbreviates Superior National Forest crosswalk ruleset. This ruleset links fuel models to 
overstory vegetation, canopy cover, and canopy height. The LANDFIRE fuel models were 
Anderson13 FBFM from the 2001 refresh. 
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Figure 5. Boxplots of Lee-Sallee spatial correspondence metrics for the two canopy base 
height raster images. Abbreviations are: Eng, Engelstad et al. CBH estimates; LF, 
LANDFIRE 2001 refresh estimates.
79 
 
 
Figure 6. Boxplots of Lee-Sallee spatial correspondence metrics for the two fire behavior 
fuel model raster images. Abbreviations are: SNF, Superior National Forest-derived 
estimates; LF, LANDFIRE 2001 refresh estimates. 
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Figure 7. Elevation of the study landscape at 30 m resolution.  The image was sourced by LANDFIRE refresh 2001 
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CHAPTER 4.    GENERAL CONCLUSIONS 
Summary 
Wildland fire behavior research and management increasingly rely on spatially-
explicit, landscape-scale data describing vegetation, fuels, and topography for evaluation 
purposes (Keane et al. 2001; Reeves et al. 2006). LANDFIRE provides comprehensive national 
data products to describe vegetation and wildland fuel across the United States (Reeves et al. 
2009).  Landscape-scale spatial data allows managers to allocate resources to areas of high fuel 
load and respond to areas where an active fire is present (Rollins 2009).   Additionally, the role 
of fire simulation software (e.g. FARSITE) granted managers and scientists readily accessible 
usage of fire spread models for operations, planning, and scientific analyses (Finney 2004). 
The dense, multistory structure exhibited in northeastern Minnesotan forests are the 
hypothesized cause of the low user agreement in the region for LANDFIRE data products (P. 
Johnson 2017 pers. comm.; LANDFIRE 2001). FARSITE was designed for and calibrated 
using western fuel types (Arca 2006). Hence, local calibration is necessary for dependable fuel 
and vegetation data in northeastern Minnesota.  
This research focused on examining raster images of several fire simulation inputs; 
facilitating the quality analysis of local calibration for the Gunflint Ranger District of the 
Superior National Forest. We found the optimal suite of spatially-explicit, landscape-scale, and 
locally calibrated images. Four of the five canopy bulk density (CBD) raster images, with no 
filters applied, were validated as producing more accurate fire behavior than the national 
LANDFIRE estimates.  Additionally, the fire behavior fuel model (FBFM) ruleset created by 
the Superior National Forest (SNF) produced more accurate fire behavior than the national 
LANDFIRE estimates. The locally-calibrated canopy base height (CBH) raster did not produce 
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fire behavior that much different from the national LANDFIRE data. However, all locally-
calibrated, spatially-explicit data still provide management opportunities for fuel reduction 
allocation strategies as all depict indicators for a fire resilient forest (Agee and Skinner 2005). 
Noted in both Chapter Two and Chapter Three, the Famine Fire may not have produced 
reliable results. The already inaccurate perimeter was contained on three sides due to 
geographical features. Therefore, an unlimited fuel source would push the fire northwards, 
making the fire area seem more accurate. However, if those geographic features were not there, 
the wildfires would continue to spread symmetrically fixed around the point of ignition. This 
is evident when lakes are supplemented for a simple grass surface fuel model such as the first 
fuel model of Anderson’s 13 fire behavior fuel model. The Famine Lake results are 
documented in the research, but the results remain skeptical. 
The CBD comparison of spatial correspondence returned mixed results. The Redeye 
Fire scenarios mostly supported our hypothesis that locally-calibrated CBD estimates would 
yield more accurate simulated fire perimeters. The two images that were not substantially 
different from LANDFIRE, while they did not share a similar spatial pattern (|r| < 0.07), both 
had the lowest mean CBD values.  Canopy base height (CBH) yielded inconclusive results in 
the sensitivity analysis. While the spatial pattern was slightly more accurate in Redeye Fire 
simulations using the work of Engelstad et al. (2019), there was no substantial evidence to 
indicate that it simulated fire areas more accurately than the LANDFIRE methods. The FBFM 
set of simulations supported the work the Superior National Forest rangers already put into 
describing fuel models in their forest classes. Research on surface fuel calibration in the 
literature is scarce but promising (Mutlu et al. 2008, Prichard et al. 2019). The dense forest 
types still come with difficulties as the surface is not visible to current remote sensing 
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techniques (Krasnow et al. 2009; Wu et al. 2010).  However, all locally-calibrated, spatially-
explicit data still provide management opportunities for fuel reduction allocation strategies as 
all depict indicators for a fire-resilient forest (Agee and Skinner 2005). 
As remote sensing capabilities develop, so will our capacity to replicate fuel and 
vegetation metrics across landscapes.  This strategy allows rapid assessment without the labor-
intensive destructive sampling or CGF measurements. Fire regimes throughout North America 
are changing (Clark 1990; Kasischke and Turetsky 2006) and are only set to become more 
dramatic with the environmental significance of climate change (Flannigan et al. 2000; Kelly 
et al. 2013).  As the relationship between vegetation, fuel, topography, and flame dynamics 
continue to be investigated, it is imperative that these relationships are explored beyond the 
confines of the western United States. 
The simulations still showed some shortcomings and raised several questions for future 
research. A closer examination of existing vegetation type across the region would benefit 
estimations of fuel models.  The results of the simulations encourage the development of CBD 
estimates across the whole of the SNF. Conversations with several fire scientists concluded 
that fuel moisture is a potential avenue to explore if the Rothermel fire spread equation 
continues. While it does not exacerbate fire when absent, when fuel moisture is high, it can 
hinder fire spread in simulation scenarios (Ziel 2019 pers. comm.). 
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